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Abstract. Influence maximization is an issue to find a K-node seed set
of influential nodes that can maximize the number of influenced nodes
in a social network, where K is a given parameter. A greedy algorithm
can approximate the optimal result within a factor of (1 − 1/e − ε),
but it is computationally expensive. The degree-based heuristic algo-
rithm is simple, but it is of unstable accuracy without considering prop-
agation characteristics. To address these issues, a k -shell decomposition
algorithm(KDA) for influence maximization is proposed under the linear
threshold model in this paper. First, we present an improved greedy algo-
rithm(IGA) by discarding some unnecessary calculations. Secondly, the
network is decomposed using a k -shell decomposition method to calculate
the potential influence of nodes. Finally the nodes with the largest poten-
tial influence and the nodes with the largest marginal influence degrees
are selected at each step to compose a K-node seed set. The experimen-
tal results show that KDA can achieve both high efficiency and high
accuracy, compared with the existing representative algorithms.

Keywords: Influence maximization · K -shell Decomposition · Informa-
tion diffusion · Greedy selection strategy

1 Introduction

A social network is composed of nodes representing individuals and edges cor-
responding to relationship types between individuals such as friendship, col-
laboration, interaction, etc. This kind of complex network structure plays an
important role for the spread of information in the form of “word-of-mouth”.
Motivated by the viral marketing and “word-of-mouth”marketing, Domingos
and Richardson[1] proposed the problem of influence maximization in a social
network. It aims to find a K-node seed set of influential nodes that can trigger
the largest expected number of follow-ups for a parameter K, according to a
chosen diffusion model.

One corresponding issue in marketing is product promotion. In order to mar-
ket a new product with a limited budget, a company can select a small number
of target customers in a social network by giving them some free samples of
the new product, and expects that they can recommend the product to their
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friends or influence their friends’ behaviors, then their friends will influence
their friends’ friends, and so on. The cascade propagation will keep going. In
this way, many individuals will eventually adopt the new product in the form of
“word-of-mouth”.

We call the small number of customers as influential individuals. So the
problem here is how to choose a set of influential individuals who can trigger
a massive cascade of influence. Analogously, for the spread of computer viruses
on computer networks, the spread of infectious diseases in the crowd, and the
spread of rumors in the society, and the like, the set of influential nodes needs to
be targeted and removed to control the unhealthy diffusion. Hence, the problem
of influence maximization can be also called as a target set selection problem
and it has great practical significance in the marketing, the ad publishing, the
virus spreading, and the public opinions pre-warning.

Kempe et al.[2] established that the optimization problem of influence max-
imization is NP-hard, and they proposed a GA(Greedy Algorithm) which is
proved to provide a (1−1/e−ε) approximation to the optimal result of influence
maximization. It repeatedly picks the node with the maximal marginal influence
degree and adds it to the seed set, until K is reached, so it is time-consuming and
not the global optimal result. On the other hand, there exists some other heuris-
tic algorithms, for example, the degree-based heuristic algorithm[2] is simple
and has low computational cost, but it estimates influence spread using efficient
heuristics, hence it is of unstable accuracy and has a unreliable performance.

In order to address these issues, we leverage the benefits of greedy algo-
rithms and heuristic algorithms simultaneously, and propose a KDA algorithm
for influence maximization.

The rest of this paper is as follows: In Section 2, the information diffusion
models and the related work are presented. Section 3 discusses IGA and KDA
in detail. Experimental results and analysis are given in Section 4, followed by
conclusions and future work in Section 5.

2 Background

2.1 Information Diffusion Models

In the field of information diffusion, some diffusion models have been proposed.
Generally, a network is abstracted as a graph G(V,E), where V denotes the set
of nodes, and E denotes the set of edges between two nodes. Each node has two
states: active and inactive. Active nodes can influence other inactive nodes. The
state of a node can be switched from being inactive to being active, but not
vice versa. Most of the researches are based on two diffusion models, called the
independent cascade model[3,4] and the linear threshold model[5].

The IC(Independent Cascade) model is a probabilistic information diffusion
model. Each active node has its own independent cascade. At step t, an active
node u has a single chance to influence its neighbor v with a probability buv.
If u fails in activating v, then u will not attempt to activate v again. buv is a
user-specified parameter, but Kemple et al.[2] think it will decrease over time
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and propose a decreasing cascade model. Kim et al.[6] proposed a new model
CT-IC model, in which activation continues until a given time.

In the LT(Linear Threshold) model, an active node u has an influence weight
buv on its neighbor v. N(v) is defined as the neighborhood set of the node v.
For every node v in the network, the total influence weights of its neighbors are
subject to the constraint that

∑

u∈N(v)

buv ≤ 1. Each node v has a threshold θv

ranging from [0, 1]. At step t, an inactive node v becomes active if
∑

u∈A(v)

buv ≥ θv,

where A(v) is the set of v’s active neighbors. This model embodies a character
of accumulation. At step t, if an active node u fails in activating its inactive
neighbor v, then the influence will be accumulated and contribute to the latter
activation. He et at.[7] proposed competitive LT model in which two competing
opinions are spread in a LT model manner.

In both models, the process continues until no more activations are available.
These two models reflects two aspects of social interaction. The IC model focuses
on individual interaction and influence among friends in a social network, in
which an individual is influenced independently by another one. While the LT
model focuses on the accumulation influence, which is more suitable to reflect
the social reality. For example, suppose some of our friends had bought a new
product, we may be influenced by them to buy this product. So in this paper,
we focus upon the LT model.

2.2 Related Work

Since Domingos and Richardson proposed the problem of influence
maximization[1], it has drawn wide attention. GA in [2] is computationally
expensive. Many efforts have been made to improve the efficiency of GA for
influence maximization. Leskovec et al.[8] proposed an efficient approximation
algorithm called CELF. It reduces the number of evaluations using the submod-
ularity property of the influence maximization objective. But it cannot scale
up to larger networks[11]. Chen et al.[12] proposed a NewGreedy algorithm to
improve the greedy algorithm. Later CELF++[9] and UBLF[10] were proposed
to improve CELF by exploiting submodularity. However, the number of acti-
vated nodes is not a submodular function of the targeted set for a fixed choice
of thresholds[2].

Jiang et al.[13] proposed an algorithm based on simulated annealing to find
the top-K influential nodes, but the initial temperature T0 and the diminishing
parameter ΔT are hard to choose. In [14], Borgs et al. presented a fast algo-
rithm for influence maximization. Xu et al.[15] proposed an algorithm based
on the influence transitivity, but its running time is 72% higher than that of
GA in a graph with 15,437 nodes. Cheng et al.[16] proposed a novel framework
IMRank with a remarkable efficiency and a high accuracy. Zhang et al.[17] pro-
posed a novel method for identifying influential nodes in complex networks with
community structure.
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They are all designing using specific properties of the IC model, supposing
the influence between individuals is independent, and do not apply to the LT
model. To improve the efficiency of seed selection under the LT model, Chen et
al.[18] proposed a scalable LDAG algorithm. Its idea is to construct a local DAG
surrounding every node in the network and consider influence within it. Later
Goyal et al.[19] proposed a SIMPATH algorithm by searching all the simple
paths. It is based on the CELF optimization that iteratively selects seeds in a
lazy forward manner. They adopted a parameter η to control the size of the
neighborhood.

Ben-Zwi et at.[20] proposed an exact almost optimal algorithm for TARGET
SET SELECTION. But the treewidth parameter determines the complexity to
a large extent. Bhagat et al.[21] aimed to maximize the number of product adop-
tions based on the LT model. Goyal et al.[22] studied the problem of minimum
target set selection. They added a threshold η, meaning that η nodes are eventu-
ally activated in the expected sense. In [23], Narayanam and Narahari proposed
a SPIN algorithm based on the Shapley Value. But it relies on the evaluation of
influence spreads of seed sets. Lu et al.[24] proposed a LMT algorithm for influ-
ence maximization. It computes the expected influence spread within a small
number of hops. It solved the influence estimation problem by adding a hop
constraint T .

Among existing algorithms for influence maximization, greedy algorithms
give a guaranteed accuracy, but suffer from severe performance issues. The
degree-based and some other heuristic algorithms have low computational cost,
but they are of unstable accuracy. Therefore, a KDA algorithm is proposed in
this paper.

3 The KDA Algorithm

In Section 3.1, the potential influence evaluation is introduced, and we improve
the greedy algorithm in Section 3.2. Then a detailed description of the KDA
algorithm is presented in Section 3.3.

3.1 Potential Influence Evaluation

The problem of influence maximization aims to find top-K nodes which can
maximize the spread of influence. Since it is time-consuming to repeatedly pick
K nodes with the maximal marginal influence degree, and the influence can be
accumulated under the LT model, we can find some potential influential nodes
by some heuristics. When the influence is accumulated enough, we can then use
the greedy selection strategy to get the rest of the K seed nodes.

So far, there exists many evaluation approaches of individual influence. They
are mainly based on the degree, closeness centrality[25], PageRank[26], and so
on. But their time complexities are high. What’s more, as shown in Fig. 1, though
node 1’s degree(4) is higher than node 15’s(3), the degrees of node 1’s neighbors
are low. For node 15, though its degree is low, the degrees of its neighbors are



A K -shell Decomposition Based Algorithm for Influence Maximization 273

high. So node 15 is more influential and will spread more widely than node 1.
Therefore, the node with the largest degree may not be the most influential
node in some cases, and the degree is actually not a good factor for individual
influence evaluation.

Fig. 1. A network with 15 nodes

Here, a k -shell decomposition method is used to evaluate the potential influ-
ence. It is proposed by Pittel et al. in [28]. Carmi et al.[27] used this method
to find a model for the structure of the Internet. Although the k-shell decom-
position method has limitations[17], Hu et al.[29] have showed that the most
efficient spreaders are those located within the network core, as identified by
k -shell decomposition. Using this method, a network is decomposed into its k -
shells, and all nodes will get a k -shell value after the decomposition.

The k -shell method is described as follows. All nodes with degree 1 and their
links are removed. After removing all the nodes with degree 1, some nodes may
be left with one link, so we continue pruning the system iteratively until there
is no node with degree 1 in the network. Those removed nodes are assigned to
the 1-shell. In the same manner, the nodes with degree 2(or less) and their links
are removed, creating 2-shell. The process continues, and let k = 3, 4, ..., until
all the nodes in the network have been assigned to one of the shells.

Then as shown in Fig. 1, first, node 2, node 4 and node 5 with degree 1 are
removed. After that, the remaining node 1 and node 3 are left with only one link,
and both of them are removed. These removed nodes are assigned to the 1-shell.
Then let k = 2, node 6, node 12, and node 14 with degre 2 are removed, after
which, node 8 and node 13 are left with degree 2, so they are both removed.
We continue removing nodes until all the nodes are removed. Finally all the
remaining nodes in the network are assigned to the 2-shell. So node 1 is assigned
to the 1-shell, and node 15 is assigned to the 2-shell. In this way, the larger the
k -shell value of a node vi(i = 1, 2, ..., 15) is, the closer is vi to the core of the
network. So we can conclude that node vi is more influential.

Because a node v is influenced by each neighbor u according to an influ-
ence weight buv, the influence weight is also another factor to determine nodes’
potential influence. In the LT model, the influence weight buv is generally com-
puted by 1/degree(v), considering the influence weights of v’s every incoming
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edge are the same. But this evaluation neglects the difference between a node’s
neighbors. So Wang et al.[30] proposed a new estimate of buv by taking account
of not only the number of v’s neighbors but also how their neighbors connect to
each other. First a NG(Neighbor Graph) of node v is constructed, made up of v,
v’s neighbors and the links between them. N(v) is defined as the neighborhood
set of v. Then buv is defined by formula 1.

buv =
degreeNG(u)

∑

w∈N(v)

degreeNG(w)
(1)

where degreeNG(u) denotes node u’s degree in the NG, rather than the whole
network. Let A(u) be the set of active nodes among u’s neighbors. Then the sum
of the influence weights that a node u can exert to all its inactive neighbors is
defined by formula 2.

f(u) =
∑

v∈N(u),v /∈A(u)

buv (2)

buv ranges from 0 to 1, so f(u) may be larger than 1, and can be mapped to
the range of [0, 1]. Define uk−shell as the k -shell value of a node u. The larger
the uk−shell is, the more likely u will be close to the core of the network. For the
nodes in the same k -shell, if u’s f(u) is the largest, then u is obviously the most
potential influential node. Hence, u’s potential influence p(u) can be defined by
formula 3.

p(u) = uk−shell · (1 − e−f(u)) (3)

For the k -shell decomposition, many nodes may be assigned to the same
shell. By formula 3, all the nodes’ k -shell values are done some discount by the
sum of the influence weights. So it’s almost impossible for two nodes to have the
same potential influence. The node u with the largest p(u) is the most potential
influential node.

3.2 Improved Greedy Algorithm

Given a network G(V,E), V represents the set of nodes and E denotes the set
of edges. Sk−1 is the set of seed nodes at step k, 1 ≤ k ≤ K, where K is
the size of the seed set. If Sk is the set of initially active nodes(target set), then
R(Sk) is the set of active nodes at the end of the diffusion process. ΔR(v|Sk−1) =
R(Sk−1∪{v})−R(Sk−1) is the set of activated nodes with respect to the expected
spread of the current seed set Sk−1 at step k. Then |ΔR(v|Sk−1)| is the marginal
influence degree of node v. Ak−1 is the set of active nodes at step k.

In general GA, we select the node u that provides the largest marginal influ-
ence degree at each step k, meaning the node u = argmaxv∈V \Ak−1 |ΔR(v|Sk−1)|.
Then Sk = Sk−1 ∪ {u} and Ak is updated. At each step, the seed is mined among
all the inactive nodes. In fact, in the LT model for a fixed threshold, this greedy
selection strategy is time-consuming.
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Suppose that at step k, when computing node u’s marginal influence degree,
a node t is activated. In the LT model, the propagation continues until no more
nodes can be activated, so obviously, ΔR(t|Sk−1) ⊆ ΔR(u|Sk−1), therefore, u’s
marginal influence degree is larger than t’s. In this way, u is more likely to be
selected as a seed instead of t. For a next inactive node v, whether v’s marginal
degree is larger or smaller than u’s, t’s marginal influence degree doesn’t need
to be computed later.

As argued above, it is unnecessary to compute the marginal influence degrees
of all the inactive nodes at each step. For a node u, when u’s marginal influence
degree is computed, the nodes activated by u can be neglected and their marginal
influence degrees don’t need to be computed. Based on this idea, we can just
compute part of the inactive nodes’ marginal influence degrees at each step.

Because each step of IGA is the same operation, we just describe a step of
IGA in Algorithm 1. n is the number of nodes in the network. Suppose that at
step k, Rk is the total set of nodes activated by nodes whose marginal influence
degrees are computed. At each loop, if a node u is subject to the constraint
that u /∈ Rk && u /∈ Ak−1, then it is selected to compute its marginal influence
degree. Next the set Rk is updated. Finally, the node umax with the maximal
marginal influence degree can be acquired. Obviously, suppose that the number
of the average diffusion steps is D for each node in the network, then the time
complexity is O(nD).

Algorithm 1. FindMaxInfluence

input:Ak−1, Sk−1, n
1: effect = 0 // meaning the marginal influence degree
2: effectmax = 0; umax = 0
2: Rk = φ // initiate the Rk set
3: for u = 1 : n do
4: ΔR(u|Sk−1) = φ
5: if u /∈ Rk && u /∈ Ak−1 then
6: effect = |ΔR(u|Sk−1)|
7: Rk = Rk ∪ ΔR(u|Sk−1)
8: if effectmax < effect then
9: effectmax = effect

10: umax = u
11: end if
12: end if
13: end for
output: the node umax

3.3 Algorithm Description

Using the characteristic of accumulation in the LT model, KDA has two phases:
the heuristic selection and the greedy selection. The heuristic factor is c, c ∈ [0, 1].
The KDA algorithm is described in Algorithm 2. First we compute the k -shell
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values of all the nodes in the network. Then the influence weights are computed
by formula 1. In phase 1, p(u) is computed by formula 3, and the nodes with the
largest p(u) are selected heuristically as seeds in k1 steps, where k1 = K−�c·K�.
K is the size of the seed set. Then Si and Ai are updated.

In phase 2, the number of steps is k2 = �c · K�. At each step, if a node has
the largest marginal influence degree, then it is selected as a seed, where IGA
is applied. Similarly, Si+k1 and Ai+k1 are updated. After k2 steps in phase 2,
the set of seed nodes SK can be acquired. It is obvious that when c = 1, the
influence results of KDA are the same as that of GA.

Algorithm 2. KDA

input:G(V, E), target set size K, factor c
1: A0 = A1 = A2 = ... = AK = φ
2: S0 = S1 = S2 = ... = SK = φ
3: k1 = K − �cK�
4: k2 = �cK�
5: for node v ∈ V do
6: calculate vk−shell

7: end for
8: for node v ∈ V do
9: construct the NG(Neighbor Graph) for node v

10: for neighbor u ∈ N(v) do
11: calculate buv
12: end for
13: end for
14: for i=1: k1 do
15: u = argmaxv/∈Ai−1p(v)
16: Si = Si−1

⋃{u}
17: let node u to influence other inactive nodes
18: update Ai

19: end for
20: for i=1: k2 do
21: u = findMaxInfluence(Ai−1+k1 , Si−1+k1 , n)
22: Si+k1 = Si−1+k1

⋃{u}
23: let node u to influence other inactive nodes
24: update Ai+k1

25: end for
output: SK

In Algorithm 2, the calculation of k -shell values in lines 5-7 needs O(nd) time,
where d is the average degree for every node. The lines 8-13 compute the influence
by constructing NGs, so they take O(nd) running time. The heuristic selection
strategy in lines 14-19 need to calculate the potential influence degree, so the time
complexity is O(k1(nd+D)) in phase 1. The greedy selection strategy in lines 20-
25 uses IGA described in Algorithm 1, then its time complexity is O(k2(nD+D))
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in phase 2. Therefore, the time complexity of KDA is determined by the greedy
selection strategy in phase 2, and KDA’s time complexity is O(KnD).

4 Experimental Results and Analysis

In this section, KDA is tested on several network datasets ranging from small
networks to large scale networks, to demonstrate the effectiveness and the effi-
ciency of the KDA algorithm, compared with other well-known algorithms for
influence maximization. The code is written in C language using the compiler
VS2010. All the experiments are run on a 32-bit Windows 7 machine with 4GB
memory.

4.1 Datasets

We select four datasets. These datasets vary in size and features thus we can test
the performance of KDA in different cases. The four datasets include: a) Email,
the Email network[31] is the network of e-mail interchanges between members
of the Rovira i Virgili University(Tarragona)1. It has 1133 nodes and 5451 edges
in total.

b) Yeast-protein, the Yeast Protein network[32] is the network of interac-
tions between proteins2, with 2361 nodes including 77 isolated nodes representing
proteins and 6646 edges representing the interaction between proteins.

c) PGP, the PGP network[33] is a list of edges of the giant component of
the network for secure information interchange3. It has 10680 nodes representing
users and 24340 edges representing information interchange.

d) NetHEPT, the NetHEPT network is a collaboration network taken from
the ”High Energy Physics - Theory” section of the arXiv website4. It has 15233
nodes representing authors and 58891 edges representing co-authorship5. This
dataset is widely used for influence maximization evaluation[11,18].

4.2 Algorithms Compared

In the experiments, θv is set as the classical threshold of 0.5 given by [2]. In the LT
model, we use the buv described in formula 1 for the four graphs. Because so many
algorithms are designed using specific properties of the IC model, much less work
has been done for the LT model, we select some heuristics for the comparison and
the LDAG algorithm[18] for the LT model. The compared algorithms include:

a) Degree, it’s a heuristic algorithm based on the degree, considering high
degree nodes as influential nodes[2].

1 http://deim.urv.cat/∼alexandre.arenas/data/welcome.htm
2 http://vlado.fmf.uni-lj.si/pub/networks/data/bio/Yeast/Yeast.htm
3 http://deim.urv.cat/∼alexandre.arenas/data/welcome.htm
4 http://arxiv.org/
5 http://research.microsoft.com/en-us/people/weic/graphdata.zip

http://deim.urv.cat/~alexandre.arenas/data/welcome.htm
http://vlado.fmf.uni-lj.si/pub/networks/data/bio/Yeast/Yeast.htm
http://deim.urv.cat/~alexandre.arenas/data/welcome.htm
http://arxiv.org/
http://research.microsoft.com/en-us/people/weic/graphdata.zip
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b) GA, the GA algorithm picks K nodes with the maximal marginal influence
gain[2].

c) PageRank, the PageRank algorithm is a link analysis algorithm to rank
the importance of pages in the Web sites[26]. The damping factor is set as 0.85.

d) LDAG, it is proposed in [18], the parameter is set as θ = 1/320 to control
the size of the local LDAG for each node as recommended by the authors.

4.3 Experimental Results

The results of KDA with various K and c on Email and Yeast-protein are shown
in Fig. 2. For a given K, when c varies, the results are different. When c = 1, the
results of KDA are the same as that of GA. Fig. 2(a) shows the results on the
Email dataset. When K ≤ 30, KDA with c = 0 performs the worst, and when
K > 30, GA performs worse than the others. The results with c = 0.2 and that
with c = 0.5 are nearly the same. When c = 0.8 and k = 50, the influence degree
decreases. KDA achieves the best performance when c is around 0.4.

(a) Email (b) Yeast-protein

Fig. 2. Results of KDA with various K and c on networks

Fig. 2(b) demonstrates the results of KDA on Yeast-protein. The influence
degree increases when K increases. There is not so much difference when c ranges
from 0.4 to 0.6. It performs worse than others when c = 1 and c = 0.

Synthesize the experimental results on the above two datasets, it can be
concluded that an appropriate c is important for a better diffusion of influence.
The best performance of KDA is achieved when c = 0.4. It means that k1 equals
to 0.6 · K, and k2 equals to 0.4 · K. KDA mines more seeds in phase 1 than in
phase 2.

4.4 Comparison of the Seed Sets’ Quality

The quality of the seed sets obtained from different algorithms is evaluated
based on the influence spread. Higher the spread, better the quality. For better
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comparisons, we run five algorithms on four real datasets. The size of the seed is
selected according to the size of the graph on different datasets. The comparison
results are shown in Fig. 3.

In Fig. 3(a), when K ≤ 20, GA performs a little better than KDA does.
The reason is that when K ≤ 20, k1 is small, and the accumulated potential
influence for KDA is not enough. We can see clearly that when K ≥ 30, KDA
performs consistently well comparing with the other four algorithms. LDAG
performs better than the others when K ≥ 50, but it is 25% lower than KDA.
When K = 70, KDA can influence the whole network(1133 nodes) while the
others can’t. For Yeast-protein in Fig. 3(b), PageRank and Degree have similar
performances and they both don’t perform very well. LDAG just performs better
than PageRank and Degree at some points. When K = 120, GA can reach KDA
and they can both nearly influence the total nodes of the graph.

On the PGP dataset shown in Fig. 3(c), the curves of all the algorithms are
nearly linear. GA is a litter lower than KDA. They can nearly influence the whole
network when K ≥ 1300. LDAG performs better than Degree and PageRank.
The results on NetHEPT are shown in Fig. 3(d), GA performs a few percentage
better than KDA when K ≥ 600, but worse than KDA when K < 600.

(a) Email (b) Yeast-protein

(c) PGP (d) NetHEPT

Fig. 3. Influence spread on four real datasets
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From the four datasets, GA is the most unstable. It performs worse on Email
as a whole, but better on NetHEPT. The unstable performance makes it unsuit-
able for the LT model to be applied in different types of networks. GA just picks
up the node with the maximal marginal influence degree at each step, but KDA
accumulates potential influence first, which will contribute to the later greedy
selection. In this way, KDA can influence more nodes than GA. LDAG and KDA
are both stable. Comparing with the heuristics PageRank and Degree without
considering propagation characteristics, LDAG performs consistently well. But
KDA performs better than LDAG. The seed nodes mined by KDA can influence
more nodes than other algorithms for a given K under the LT model.

4.5 Analysis of the Time Complexity

Because the time complexity of KDA mainly depends on the greedy selection
in phase 2, in this section, we compare KDA using IGA with that using GA to
evaluate the efficiency of IGA on the running time. We refer to KDA with GA
as KDA-GA. For better analysis, IGA is compared with GA at the same time.

(a) Email (b) Yeast-protein

(c) PGP (d) NetHEPT

Fig. 4. Comparisons of running time on the real datasets
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The results are shown in Fig. 4. It is clear that IGA reduces the running
time significantly compared with GA, and IGA increases slower than GA. IGA
is approximately twice as fast as GA on Yeast-protein and PGP. Using IGA in
phase 2, KDA can reduce the running time by nearly one time compared with
KDA-GA on the four datasets. So IGA is an efficient greedy selection strategy.

Note that for GA and IGA, when K increases, the running time increases
on the four datasets. But for KDA and KDA-GA, the running time increases
first and then decreases as K increases except on NetHEPT. In fact, on the first
three datasets, it can influence the whole network with the maximal K from
Fig. 4. What’s more, the running time starts to decrease when K reaches nearly
the half of the maximal K. On the Email dataset, the running time starts to
decrease at K = 40. On Yeast-protein, it decreases at K = 60, and K = 700 on
PGP. On NetHEPT, it cannot influence the whole network with K = 1400.

So we can conclude that if K is large enough according to different networks,
then the potential influence degree can be accumulated to a certain degree, and
the most potential nodes will be selected under the LT model. This will result in
that the nodes will not diffuse too much in the greedy selection for KDA. In this
way, it will take less time in phase 2, thus the total running time will decrease
when K keeps increasing.

5 Conclusions and Future Work

In this paper, we investigate the problem of influence maximization under the LT
model. To address the issues of high computational cost and unstable accuracy, a
KDA algorithm for influence maximization is proposed. We present an improved
greedy algorithm named IGA, which is applied in KDA to mine part of the
seeds. KDA uses a k -shell decomposition to evaluate nodes’ individual potential
influence.

The KDA algorithm is tested on four real datasets along with some other
algorithms. The experimental results show that KDA outperforms the others
in terms of the influence spread. For the running time, IGA can reduce KDA’s
running time greatly when it is applied in KDA. Especially when K is large
enough according to different networks, it will take less time for KDA. Therefore,
KDA is an effective and efficient algorithm for influence maximization.

However, for the influence maximization evaluation, not only the maximiza-
tion of influence spread should be considered, but also the time of diffusion for
the mined top-K nodes should be investigated. In the future we will take the
diffusion speed into account.
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